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Abstract

This paper introduces Late Code Chunking
(LC?), a chunking strategy designed to im-
prove the semantic understanding of code seg-
ments for Large Language Models (LLMs).
Repository-level code completion requires pre-
dicting the subsequent code for unfinished
code by leveraging cross-file context spread
across a repository. However, when retrieved
fragments have missing semantics—the loss
of structural or behavioral information dur-
ing chunking—LILMs struggle to interpret the
target code. To address this, LC? bifurcates
chunks into a "Code Retrieval Context" opti-
mized for similarity-based search and a "Code
Comprehension Context" enriched via con-
text expanding and augmentation. This dual-
context design reduces information loss due to
chunking and enhances the ability of LLMs to
utilize retrieved code. Additionally, we intro-
duce an Asymmetric Query-Chunk Sizing strat-
egy to further enhance retrieval quality by min-
imizing query noise. Our experiments demon-
strate that LC2 provides robust performance en-
hancements, achieving a statistically significant
19.7% improvement in Exact Match accuracy
on the CrossCodeEval benchmark compared to
the best existing chunking method.

1 Introduction

Despite significant advancements in Large Lan-
guage Models (LLMs) in code intelligence tasks,
such as code generation and completion (Guo et al.,
2024; Lu et al., 2021), repository-level code com-
pletion remains a challenging area. Traditional
code completion leverages solely in-file context
from the partially written code (Ciniselli et al.,
2021). In contrast, real-world development fre-
quently requires external knowledge spread across
other files within the same repository—referred to
as cross-file context (Liu et al., 2025). However,
due to the limited context length of LLMs, it is
infeasible to provide entire repositories as input.

Instead, retrieval mechanisms must supply only the
most relevant code fragments to the model. Bench-
marks for repository-level code completion (Ding
et al., 2023) are designed to evaluate this capability.
Different Retrieval-Augmented Code Generation
(RACG) (Su et al., 2024) approaches explore this
task: RepoCoder (Zhang et al., 2023) iteratively
refines a prediction by leveraging the prediction as
a new query, RepoFormer (Wu et al., 2024) empha-
sizes filtering irrelevant cross-file content. Graph-
Coder (Liu et al., 2024b) introduces graph-based
retrieval, DRACO (Cheng et al., 2024) constructs
a background knowledge which consists of defi-
nition information called an unfinished code, and
RLCoder (Wang et al., 2024) improves retrieval via
reinforcement learning.
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Figure 1: Pipeline of Late Code Chunking (LC?) for
repository-level code completion.

While these methods aim to find the most rele-
vant cross-file context, retrieval success does not
guarantee generative success. DRACO shows
reduced performance when only short function sig-
nature information is leveraged compared to using
the entire function content. A primary cause of
failure is semantic loss introduced during chunk-
ing—the process of splitting source code into sepa-
rately retrievable fragments (Giinther et al., 2025).
Missing structural or behavioral semantics leads



to misunderstandings of the retrieved code dur-
ing generation. To overcome this inherent limi-
tation, we propose Late Code Chunking (LC?),
a retrieval-aware chunking strategy designed to
enhance cross-file semantics. Figure 1 introduces
a dual-context representation: A Code Retrieval
Context contains a representative context for rel-
evant matching to unfinished code, and a Code
Comprehension Context contains detailed code
implementation by expanding and augmenting the
retrieved code to restore missing semantics. This
dual-context approach mitigates code completion
failures caused by information deficits. Addition-
ally, LC? applies an Asymmetric Query—Chunk
Sizing strategy, deliberately reducing the query
length relative to the Code Retrieval Context size
to maximize the opportunity for key-term matching
(Tang et al., 2024).

Extensive experiments across six LLMs and four
retrieval models demonstrate the effectiveness of
LC2. It showed statistically significant improve-
ments on both RepoEval (Zhang et al., 2023) and
CrossCodeEval (Ding et al., 2023) benchmarks,
confirming its generalizability.

Our contributions are summarized as follows:

» We propose LC?, a retrieval-aware dual-
context chunking strategy tailored for
repository-level code completion.

* We introduce Asymmetric Query—Chunk
Sizing strategy to enhance retrieval perfor-
mance and validate the effectiveness through
extensive experiments.

» We validate LC? extensively across diverse
LLMs and retrieval models, demonstrating
consistent performance improvements.

The source code and more detailed experimental
results of LC? are available at https://github.com/<
anonymous repository >.

2 Methodology

LC? constructs two complementary representations
for each chunk. We first generate a Code Retrieval
Context designed for retrieval effectiveness, and
then expand and augment it into a Code Compre-
hension Context that restores missing semantics.

2.1 Code Retrieval Context

Line-based chunking can capture natural structural
boundaries in code. However, the uneven distribu-
tion of tokens per line introduces two significant

Code Comprehension Context

def [tool_filter_func|(context):
[

Callable tool filter applied
via dynamic tool filtering

# Create filter context
context| = ToolFilterContext(
run_context=run_context,
agent=agent,
server_name=self.name

Code Retrieval Context

# Call the filter function
result = [tool_filter_func(context])
f

if inspect.isawaitable(result):
should_include = await result
else:
should_include = result

Figure 2: Example of Late Code Chunking.

problems: (1) when chunks become too short, lead-
ing to insufficient information for LLMs, or (2)
when chunks exceed the allowed input size, forcing
truncation and causing semantic loss (Liu et al.,
2024a). To address these issues, LC? adopts token-
based chunking, ensuring uniform distribution of
semantic content across chunks.

Furthermore, in code completion, the most in-
formative tokens typically appear near the end of
the unfinished code. Thus, LC? employs an Asym-
metric Query—Chunk Sizing, a short query but a
larger retrieval chunk to maximize key-term match-
ing opportunities while minimizing query noise,
which significantly improves retrieval quality.

2.2 Context Expanding

The constitution of a given chunk fundamentally in-
forms the preceding contextual information (Izadi
et al., 2022); consequently, a high correlation ex-
ists between the content that immediately precedes
a segment and the segment itself. As shown in
Figure 2, a variable such as context appears with-
out its preceding initialization, resulting in seman-
tics missing. LC? addresses this by expanding the
chunk to include preceding content that connects
directly to the meaning of the retrieved code. This
expansion partially restores lost semantics.



RepoEval CrossCodeEval
Line API Python Java C#
Methods EM ES EM ES EM ES EM ES EM ES
In-File 31.13 64.58 30.12 64.89 582 5931 6.87 5959 334 58.15
Fixed-Window  43.19 7194 41.81 7279 18.99 6745 17.67 6477 16.18 65.33
Split-Aggregate 44.62 72.60 43.75 72.65 2140 6854 20.01 6544 18.95 66.77
Function-Level 41.31 70.54 39.38 70.62 21.96 69.02 17.72 65.02 13.24 65.27
Fixed-Token 4488 7236 44.62 7439 2201 69.05 23.38 66.10 19.98 66.95
LC? 45.12 72.87 45.00 7448 2635 71.92 2422 66.79 21.72 68.19

Table 1: Performance of chunking methods on DeepSeekCoder-1.3B (Inference) and UniXcoder (Retrieval Model).

2.3 Context Augmentation

When a chunk contains a function call without its
definition, LLMs struggle to reason about code
behavior. LC? addresses this by analyzing the pres-
ence of function calls within the chunk, retriev-
ing the corresponding function definition from the
repository, and appending it to the Code Compre-
hension Context. To accommodate the limited con-
text size of LLMs, inspired by DRACO (Cheng
et al., 2024), only the function signature with a
docstring is incorporated, enabling LLMs to utilize
the critical API-level semantics. For instance, in
Figure 2, the function tool_filter_func is ref-
erenced but not locally defined; LC? supplements
its signature and docstring so that the LLM can
leverage it as background knowledge.

3 Experimental Setup
3.1 Datasets

We evaluate LC2 on two established benchmarks
for repository-level code completion:

* RepoEval: A Python based benchmark. We
utilized both the line and the API invocation
datasets for the experiments.

* CrossCodeEval: A multilingual benchmark.
We conducted experiments using datasets
from three languages (Python, Java, and C#).

3.2 Evaluation Metrics

We adopt two widely used metrics:

* Exact Match (EM): A binary metric that as-
signs a score of 1 if the prediction is identical
to the ground truth, and O otherwise.

» Edit Similarity (ES): A similarity metric de-
rived from Levenshtein distance (Lcvenshtcin,
1966) for more fine-grained evaluation.
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Figure 3: Performance comparison across LLMs on
CrossCodeEval (Python) with EM metric.

3.3 Retrieval Models

We employ BM25 (Robertson et al., 2009) as a
representative sparse retrieval model. For dense
retrieval, we use UniXcoder (Guo et al., 2022), and
CodeRank models (Suresh et al., 2025) specialized
in generating code semantic embeddings.

3.4 Chunking Strategies

We compare LC? against five baseline chunking
approaches: In-File relies solely on the unfin-
ished code within the current file. Fixed-Window
uses line-based chunks (10 lines, following Cross-
CodeEval settings). Split-Aggregate, employed in
the RLCoder framework, involves fine-grained line
chunks merging when semantic fragmentation is
detected. Function-Level extracts functions from
a repository and utilizes each function as a chunk.
Fixed Token structures chunks based on a uniform
length (512 tokens).

LC? constructs a 512-token Code Retrieval
Context, expands it by up to 512 additional tokens,
and augments up to 3 functions with docstrings.
The query consists of the last 64 tokens of the un-
finished code under the asymmetric sizing strategy.



Retrieval Models Params EM ES

BM25 - 26.20 72.29
UniXcoder 124M 26.35 71.92
CodeRankEmbed 137M  27.02 72.05
CodeRankLLLM 7B 29.47 7295

Table 2: Retrieval model performance comparison.

We found these parameters through experiments.

4 Experimental Results

4.1 Performance Comparison with Different
Chunking Strategies

As presented in Table 1, Split-Aggregate, an en-
hanced strategy of Fixed-Window, achieves im-
proved performance. Fixed-Token further improves
performance through uniform semantic distribu-
tion. However, Function-Level shows unstable per-
formance across different datasets and languages,
mainly because many retrieved functions are either
too short or lack context in isolation.

In contrast, LC? consistently achieves the best
performance in all settings. Notably, LC? improves
EM by 19.7% on CrossCodeEval (Python) com-
pared to Fixed-Token, the strongest baseline. These
results confirm that recovering cross-file semantics
is crucial for repository-level code completion.

4.2 Evaluation Across LLMs and Retrieval
Models

To assess generalizability, we evaluate LC? with
six LLMs and four retrieval models. Figure 3 illus-
trates the EM performance gains on CrossCodeE-
val (Python) with UniXcoder when LC? is applied
compared to the In-File baseline. Codestral (Mis-
tral, 2024) achieves the highest overall scores (EM:
13.89 — 37.61). Among the 7B parameter models—
StarCoder (Lozhkov et al., 2024), CodeGemma
(Team et al., 2024), and DeepSeekCoder (Guo
et al., 2024), DeepSeekCoder exhibits the most
significant gain (EM improvement: +23.50), this
demonstrates that LC? enhances models regardless
of parameter scale or pretraining architecture.
Regarding retrieval models, as shown in Ta-
ble 2, state-of-the-art CodeRank models outper-
form UniXcoder in dense retrieval performance
evaluations. A notable observation is that BM25,
still widely used for lightweight sparse lexical re-
trieval, demonstrates performance nearly compara-
ble to dense retrieval approaches. This result em-
pirically validates the importance of exact lexical

27 26.35

26 25.29
25 24.63
24 23.64

2 21.83

22 20.98 . 20.91 i
21

20

Context Context

Code Retrieval
Context Augmentation Expanding with
Augmentation

Context
Expanding

M Python mC#

Figure 4: Analyze the contribution of each LC? compo-
nent on CrossCodeEval (Python) with EM metric.

matching (Gao et al., 2021) in code completion and
demonstrates the effectiveness of our Asymmetric
Query-Chunk strategy.

4.3 Ablation Study

As shown in Figure 4, the Code Retrieval Context
with the Asymmetric Query-Chunk Sizing strat-
egy already surpasses all baselines, listed in Ta-
ble 1. Although the maximum embedding length of
UniXcoder is constrained to 512 tokens, Context
Expanding enables the generation of chunks that
exceed this limit, further refining the semantics of
the retrieved context. Applying Context Augmen-
tation, which appends function signatures with
docstrings for enabling better reasoning about ex-
ternal dependencies, yields additional performance
improvements. However, in particular experimen-
tal environments such as C#, we observed perfor-
mance degradation when appended functions were
non-informative. The result aligns with the trends
observed in Function-Level baselines from Table 1,
confirming that irrelevant augmentation introduces
semantic noise, even when only function signa-
tures are added. Enhancing selective augmentation
strategies remains a topic for future work.

5 Conclusion

We presented LC?, a chunking strategy tailored for
repository-level code completion that effectively
mitigates semantic loss induced by conventional
chunking. Our study opens exciting avenues for
future research in this field.

Future work includes developing selective aug-
mentation techniques to reduce the injection of
irrelevant context and extending LC? to broader
code intelligence tasks, such as code generation for
natural language queries and automated bug fixing.



Limitations

When applying the context augmentation technique
of LC? to enrich information of function calls,
performance exhibited both improvements and de-
clines depending on the contextual characteristics
of the repository. Although the Ablation Study re-
vealed the root causes, further research is necessary
to identify performance-degrading factors through
empirical validation of case studies and to develop
a methodology for selectively incorporating only
those functions that contribute to performance im-
provement.
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